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Abstract

We consider the problem of iterative machine
teaching, where a teacher sequentially provides
examples based on the status of a learner under
a discrete input space (i.e., a pool of finite sam-
ples), which greatly limits the teacher’s capability.
To address this issue, we study iterative teaching
under a continuous input space where the input
example (i.e., image) can be either generated by
solving an optimization problem or drawn directly
from a continuous distribution. Specifically, we
propose data hallucination teaching (DHT) where
the teacher can generate input data intelligently
based on labels, the learner’s status and the tar-
get concept. We study a number of challenging
teaching setups (e.g., linear/neural learners in om-
niscient and black-box settings). Extensive empir-
ical results verify the effectiveness of DHT. The
code is made publicly available on Github.

1 Introduction

Machine teaching [1, 2] seeks a training dataset of minimal
size such that a learner can learn a target concept based on
this minimal dataset. Compared to machine learning where
a learner is provided with a dataset to find the optimal param-
eters, machine teaching studies the inverse problem where
the goal is to find a minimal dataset with which the learner
can converge to the given target parameters. A deeper un-
derstanding towards machine teaching is essential in many
applications, such as crowd sourcing [3, 4, 5, 6], optimal
education [1], model robustness [7, 8, 9, 10], curriculum
learning [11] and dataset distillation [12].

Depending on the type of learner, machine teaching can be
carried out batch-wise (i.e., the teacher provides the dataset
to the learner in one shot) or iteratively (i.e., the teacher
provides data to the learner iteratively and adaptively). Mo-
tivated by the dominance of iterative learners (e.g., almost
*Equal contribution. Correspondence to WL (wl396@cam.ac.uk).
Proceedings of the 26th International Conference on Artificial Intel-
ligence and Statistics (AISTATS) 2023, Valencia, Spain. PMLR:
Volume 206. Copyright 2023 by the author(s).

Teacher

Learner

(a) Vanilla Iterative Machine Teaching

Example selection

Data Pool LabelSelected Data

(b) Data Hallucination Teaching

Hallucinate

Teacher

LabelGenerated Data

Learner

Generative model

Optimization

arg min f(x)

Teacher’s Model

Feedback

Feed samples

Feedback

Feed samples

Iterative
interaction

Iterative
interaction

Iterative teaching

Iterative teaching

x

Figure 1: Comparison of vanilla iterative machine teaching and
the proposed data hallucination teaching.

all types of neural networks), we study the problem of itera-
tive machine teaching (IMT) [13] where the teacher feeds
data intelligently based on the learner’s status in every iter-
ation such that the learner can converge to the target con-
cept within minimal iterations. The minimal number of
such iterations is defined as iterative teaching dimension.
Vanilla IMT [13] iteratively selects examples from a fixed
pool (i.e., dataset), which, however, is inherently a difficult
combinatorial problem computationally prohibitive to solve.
[14] addresses this problem by finding a continuous teach-
ing signal – the label space. Despite its simplicity, label
synthesis teaching still imposes a strong constraint on the
teaching space, limiting its capability of faster convergence.
To avoid the combinatorial problem of example selection
while enjoying the flexibility of a continuous teaching space,
we propose data hallucination teaching (DHT), where the
teacher generates from a continuous space the input data by
conditioning on the learner’s status. An intuitive comparison
between IMT and DHT is given in Figure 1.

Another motivation behind DHT comes from the promising
results of approximating a dataset with synthetic prototypes,
such as dataset distillation [12, 15] and dataset condensa-
tion [16]. DHT shares the same spirit as dataset approxi-
mation in the sense that both aim to guide the learner to

https://github.com/Zeju1997/data_halucination_teaching
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some target concept with synthetic samples. Different from
dataset approximation, DHT takes one step further by taking
the speci�c iterative optimization algorithm into account
and seeks to generate a sequence of examples (with ordering
information) rather than a synthetic dataset.

DHT can also be viewed as a natural generalization of IMT,
extending the original discrete teaching space to a continu-
ous one. Such a generalization introduces more modeling
�exibility but meanwhile makes the teaching process more
challenging. To tackle this challenge, we study both greedy
teaching policy and parameterized teaching policy. Par-
ticularly for the parameterized one, we propose multiple
teacher formulations (e.g., generative models) and multiple
teacher's action spaces (e.g., Mixup sample space [17]). We
emphasize that DHT is quite different from standard gener-
ative models which usually capture static data distributions.
In contrast, DHT models adynamically changingdata dis-
tribution, which depends on the learner's status and is used
for fast convergence rather than reconstruction.

The intuition behind the bene�ts of the continuous teach-
ing space in DHT comes from the empirical success of
Mixup [17, 18] and data augmentation [19, 20, 21, 22].
Mixup uses a linear interpolation between two samples for
training neural networks. Data augmentation perturbs the
inputs,e.g., images, in a small neighborhood around the
original input. Both methods can be viewed as a continuous
perturbation in the high-dimensional input space and special
cases of DHT. Even if it is only a small subset of the contin-
uous input space being considered, the empirical generaliza-
tion performance can be signi�cantly improved. Therefore,
the original discrete input space can be sub-optimal for
teaching, for which we propose to explore the continuous
input space in order to improve the learner's convergence.

Speci�cally, we study DHT under both the omniscient sce-
nario, where the teacher knows everything (particularly the
optimal learner parameters) about the learner, and the black-
box scenario, where the teacher has no prior knowledge of
the optimal learner parameters. We theoretically prove that
DHT can achieve exponential teachability (ET) [13], and
empirically show that DHT achieves much faster conver-
gence than a random teacher (i.e., SGD) and IMT [13].

Most signi�cantly, we formulate the problem of teaching
black-box neural learners asperformative teaching, which is
a novel application of performativity [23] to iterative teach-
ing. Speci�cally, performative teaching assumes that the
teaching target will shift based on the teacher's action. This
is exactly the scenario when we perform iterative teaching in
the representation space of neural networks. We show that
under this formulation, DHT is able to teach deep neural
learners in a fully black-box manner on realistic datasets
such as CIFAR-10 and CIFAR-100. We believe that it is
the very �rst time that iterative teaching can be used to
teach black-box nonlinear learners in realistic settings while
achieving signi�cant empirical performance gain.

Our contribution can be brie�y summarized as follows:
• We propose a novel teaching framework –data halluci-

nation teaching, where the teacher iteratively generates
synthetic training data depending on the learner's status.
DHT yields a highly �exible teaching space.

• In the DHT framework, we comprehensively study the
greedy and parameterized policies under both the omni-
scient and black-box scenarios.

• We propose a novel performative formulation for iterative
teaching, which assumes a dynamically changing teaching
target. The formulation is shown to be a natural �t for
teaching black-box neural learners.

• For the �rst time, we are able to apply iterative teaching to
black-box neural learners on realistic datasets. Signi�cant
performance gain is observed empirically.

• We demonstrate faster convergence of DHT versus SGD
and other baselines, both theoretically and empirically.

2 Related Work

Machine teaching. The study of machine teaching begins
with the batch setting [24, 1, 25, 26], where the teacher
simply prepares a dataset of minimal size to the learner
towards some target concept. Efforts have been made on
the teaching behavior of different types of learner, such
as version space learners [27, 28], linear learners [25],
kernel learners [29], reinforcement learner [30], active
learners [31, 32], teacher-aware learners [33] and forgetful
learners [34, 35]. Iterative (or sequential) machine teach-
ing [13, 35, 36, 26, 37, 14] studies iterative learners by con-
sidering the speci�c optimization algorithm that the learner
uses. The teaching performance is measured by the learner's
convergence. Machine teaching has diverse applications in
reinforcement learning [38, 39, 9, 40], human-in-the-loop
learning [41, 42, 43], crowd sourcing [3, 5, 6] and cyber
security [44, 7, 45, 46, 47]. Sharing similar spirits, coopera-
tive communication [48, 49, 50] also studies the interaction
between a teacher and a learner as well as how information
can be transmitted ef�ciently.

Data augmentation. In deep learning, data augmentation
is ubiquitous [19, 51, 52, 22] and plays a crucial role in
regularizing neural networks and improving generalization.
Without it, the training set can be easily �tted and training
loss will be minimized to zero even with random labels [53].
Data augmentation is thede factochoice in image recogni-
tion [19, 54, 55] and also one of the key ingredients to the
success of contrastive learning [22, 56].

Dataset approximation. How to approximate a dataset
with a few representative prototypes that can be used for
training remains an open problem and is actively studied
in coreset [57, 58, 59, 60], dataset pruning [61, 62], dataset
distillation [12, 15] and dataset condensation [16]. However,
dataset approximation typically considers one batch of data,
while DHT constructs a sequence of data samples.
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3 Data Hallucination Teaching

3.1 Problem Settings

Teaching protocol. We generally follow the teaching proto-
col in [13, 14]. This section mostly considers the omniscient
scenario. That is, both the teacher and the learner observe
the same sampleA and share the same feature space, which
representsA asx with the labely . The teacher knows all
the information about the learner, including the model pa-
rametersw i at thei -th iteration, the learning rate� i , the
loss functioǹ and the optimization algorithm (usually we
consider SGD). The teacher can only feed examples(x i ; y i )
to the learner at thei -th iteration.

Teacher's objective. In the omniscient scenario, the teacher
aims to provide examples to the learner in every iteration
such that the learner parametersw converge to the desired
parametersw � as quickly as possible. We typically use
w � = arg min w E(x ;y ) f `(x ; y jw )g. The teacher seeks to
optimize the following objective for gradient decent learner:

min
f ( x 1 ;y 1 ) ; ��� ; ( x T ;y T ) g

T

s.t.

(
d(w T ; w � ) � �

w t +1 = w t � � t
@ (̀ x t +1 ;y t +1 j w t )

@w t

(1)

whered(�; �) denotes some discrepancy measure (e.g., Eu-
clidean distance or cosine similarity). The above optimiza-
tion is in general intractable and� is hard to set in practice,
so we usually resort to a simpler teacher's objective:

min
f ( x 1 ;y 1 ) ; ��� ; ( x T ;y T ) g

d(w T ; w � ) (2)

whereT is the prescribed termination iteration. This mini-
mization aims to �nd a teaching trajectory of lengthT such
that the distance betweenw T andw � reaches the minimum.

Learner's objective. The learner minimizes its loss func-
tion ` with examples given by the teacher. If the teacher
feeds one example at a time, gradient descent learners use

w t +1 = w t � � t
@(̀x t +1 ; y t +1 jw t )

@w t
(3)

where` can be any regression or classi�cation loss.

3.2 Greedy Teaching Policy

We start with the simplest greedy teaching policy which
uses Euclidean distance asd and approximates Equation 2
with T-times one-step minimization. DHT aims to generate
the teaching example(x ; y ). To simplify the problem, we
uniformly sample a labely and synthesize the corresponding
datax for teaching. This leads to the one-step optimization:

min
x t +1 2X ;y t +1 � U

� 2
t










@(̀x t +1 ; y t +1 jw t )
@w t










2

2

� 2� t hw
t � w � ;

@(̀x t +1 ; y t +1 jw t )
@w t

i

(4)

wherex t +1 is optimized withinX (e.g., pixel space[0; 255])
andy is sampled uniformly from the discrete label space.

Equation 4 can be directly used to teach any linear learner
such as least square regression and logistic regression. De-
spite its simplicity, the greedy policy is computationally
expensive ifx is high-dimensional (e.g., images).

3.3 Parameterized Teaching Policy

The greedy policy considers only a one-step update for the
learner, hence is inevitably sub-optimal. However, consid-
ering all the possible combinations ofx in multiple steps
is computationally infeasible, especially when the teaching
spaceX is continuous. To address this, here we study a
parameterized teaching policy. The central idea is to param-
eterize the teacher by a neural network� , and the teaching
policy is denoted as� � . With a parameterized policy, we
can easily consider multiple-step updates for the learner. For
example, when takingv-step updates for the learner into
account, the teacher optimizesmin � � kw t + v � w � k2.

3.3.1 Data Transformation

To simplify the problem, we start with a data transforma-
tion policy (at thet-th iteration)~x = � � (x ; y ; w t ; w � ) that
transforms a randomly sampled data point(x ; y ) to a teach-
ing example( ~x ; y ). To learn� , we have that

min
�

kw v (� ) � w � k2
2 + �

vX

i =1

`(� � (x i ; y i ; w i
SG; w � ); y i jw i

SG)

s.t.w v (� ) = arg min
w

E( x ;y )

�
`
�
� � (x ; y ; w ; w � ); y jw

�	

where� is a hyperparameter and the learner is initialized
at w 0. The policy � � keeps transforming the randomly
sampled data based on both the current learner parameters
and the target parameters in order to improve the learner's
convergence tow � . To solve this bi-level optimization, we
can simply unroll the inner optimization withv steps of
stochastic gradient descent, which enables the gradient to
�ow back to � when solving the outer minimization [14, 63].
This shares the same spirit as meta-learning [64] and back-
propagation through time in recurrent networks [65]. We
note that the greedy policy is the special case ofv = 1 .
In order to amplify the learning signal, we introduce an
auxiliary intermediate loss minimization into the teacher's
objective. With this auxiliary term, the teacher will favor the
teaching trajectory that not only quickly guides the learner
to w � but also well minimizes the learner's loss function. In
the implementation, we simplify the gradient in the auxiliary
term by replacingw i with w i

SG = StopGradient(w i ).

3.3.2 Generative Modeling

The data transformation policy builds a learner-conditioned
deterministic mapping from existing data to teaching ex-
amples, and it does not model the underlying distribution
of teaching examples. Moreover, the data transformation
policy is likely to generate unrealistic samples that do not
match the underlying data distributionp(x ). To this end,
we study the generative teaching policy. The central idea
is to parameterize the teaching policy with a generative
model and impose a distribution divergence constraint,i.e.,
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Div(p(� ); p(x )) � � , which is used to force teaching exam-
ples to be similar to the empirical data distribution.

GAN-based teacher. One of the simplest ways to perform
generative modeling is to use generative adversarial net-
works (GANs) [66]. Therefore, we parameterize the teacher
as a generator and introduce an additional discriminator
D(�) to close the gap between synthetic teaching examples
and real data. Speci�cally, the teacher model optimizes

min
�

max
D

E~x � p � ( z ) log
�
1� D (� � (z ))

�
+ Ex � p( x ) log

�
D (x )

�

+ kw v (� ) � w � k2
2 + �

vX

i =1

`
�
� � (z ; x i ; y i ; w i

SG; w � ); y i jw i
SG

�

s.t.w v (� ) = arg min
w

E( x ;y )
�

`
�
� � (z ; x ; y ; w ; w � ); y jw

�	

wherez is a noise vector following a normal distribution
and we sometimes omit the input arguments (x ; y ; w ; w � )
for � � for notational simplicity. Similar to learning the data
transformation policy, we unrollv steps of SGD for the
inner optimization and putw v (� ) into the outer min-max
optimization for end-to-end training. This outer min-max
problem can be solved following standard GAN training.

VAE-based teacher. We take advantage of a pretrained vari-
ational autoencoder (VAE) [67] to realize the distribution
divergence constraint. Speci�cally, we �rst pretrain a VAE
on the full dataset to capture the joint distributionp(x ; y ),
and then let the teaching policy to generate data in the latent
space of the VAE. The objective for the teacher model is

min
�

kw v � w � k2
2 + �

vX

i =1

`
�
p (� � ); y jw i

SG

�
+ KL

�
� � jj p(u )

�

s.t.w v (� ) = arg min
w

E( x ;y )

�
`
�
p (� � ); y jw

�	

where the �xed Gaussian prior for VAE's latentu is p(u )
and the decoder isp (� � ) = p ( ~x j� � (u ; x ; y ; w ; w � ); y ).
KL(�jj� ) is the Kullback–Leibler divergence. VAE essen-
tially serves as a bridge between the latent space and the
input data space, and the teacher generates the latent code
which is then mapped to raw data by the decoder. Compared
to GAN-based teacher, VAE-based teacher enjoys stronger
training stability and also avoids the problem of mode col-
lapse. Since the GAN-based teacher is jointly trained with
the learner, it may produce examples that achieve better
teaching performance but yield weaker semantic meaning.

3.4 Theoretical Insights and Discussions

Similar to sample selection [13, 35] and label synthe-
sis [14], we now show that the greedy DHT can prov-
ably achieve ET. We consider two types of linear learn-
ers here:`LSR(x ; yjw ) = 1

2 (hw ; x i � y)2 for the least
square regression (LSR) learner and`LR(x ; yjw ) = log(1 +
expf� yhw ; x ig) for the logistic regression (LR) learner.
For simplicity, we consider the case where the label is a
scalar. For LSR, the gradientw.r.t. w of a single sample
(x ; y) is r w ` = ( hw ; x i � y)x . For LR learners, the gra-
dient isr w ` = � yx

1+exp( yhw ;x i ) . Then we de�neg( ~x ) as the

teaching gradient ratio that is used to quantify the scale dif-
ference between the gradient of a normal sample and that of
a teaching example.Tx ! ~x is de�ned as the transformation
operator that mapsx to ~x , i.e., ~x = Tx ! ~x � x . We have

r w `( ~x ; yjw ) = g( ~x ) � Tx ! ~x � r w `(x ; yjw ): (5)

For LSR, we have thatg( ~x ) = hw ;x i� y
hw ; ~x i� y . For LR, we have

thatg( ~x ) = 1+exp( yhw ; ~x i )
1+exp( yhw ;x i ) . We note thatg( ~x ) is important

for the convergence of the learner and also largely deter-
mines the teacher's ability to achieve ET. Following prior
work [13, 35], ET is de�ned as the ability for the teacher to
guide the learner to converge tow � at an exponential rate.

Theorem 1 (Exponential teachability of DHT). Assume
that the learner loss̀ i has the property of interpolation,
L i -Lipschitz, and convexity.f is order-1� strongly convex.
Then DHT can achieve ET ifTx ! ~x is an scaling mapping,
i.e., Tx ! ~x � x = � x and� is adjusted such thatg( ~x ) =
c1kw t � w � k. Speci�cally, we have that

Efk w T � w � k2g � (1� c1 � t �� + c2
1 � 2

t L max)
T 



 w 0 � w � 


 2

(6)

in which L max = max i L i and �� =
P

i � i =n. It implies
that O((log 1

c0
) � 1 log( 1

� )) samples are needed to achieve
Efk w T � w � k2g � � . We letc0 = 1 � c1� t �� + c2

1� 2
t L max

andc1 is adjusted such that0 < c 1� t < ��=L max holds.

Theorem 1 validates the importance ofg( ~x ) in achieving ET.
WhenTx ! ~x is a scaling mapping, DHT recovers the case of
label synthesis [14]. Thus, DHT can always achieve a better
convergence rate than label synthesis. Further, DHT en-
joys all the theoretical guarantees for label synthesis. When
Tx ! ~x is a nonlinear mapping, DHT will become very �exi-
ble and potentially a better convergence rate can be derived.

4 Black-box DHT for Neural Learners

In this section, we discuss how DHT can be used to teach
neural learners in a black-box setting. Black-box teach-
ing for neural teachers has long been an open challenge in
iterative machine teaching. We start by studying how param-
eterized DHT can be extended to the black-box setting and
then introduce a novel alternative – performative teaching
which can naturally be used to teach neural learners.

Black-box teaching is generally dif�cult due to two aspects.
First, the optimal learner parametersw � are no longer given
and how to �nd a good surrogate to measure the distance to
w � is crucial (essentially when the learner is nonlinear and
non-convex). In general, the goal of black-box teaching is to
improve the learner's generalizability instead of its conver-
gence to somew � . Therefore, we usually seek to �nd a sur-
rogate forw � = arg min w E(x ;y ) � Prealf `(x ; y jw )g where
Preal denotes the underlying joint data and label distribution.
Second, the teaching space of DHT is huge and how to
properly reduce the teaching space to a reasonably small yet
suf�ciently effective one is important. Black-box teaching
shares a similar ultimate goal to knowledge distillation [68].
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4.1 Mixup-based Teaching

We propose a black-box DHT based on the data augmenta-
tion space in Mixup [17]. The basic idea is to learn a teacher
that produces the learner-conditioned Mixup coef�cients.

Surrogate target. We use a simple surrogate to measure
the distance tow � : the validation accuracy on a held-out
validation data set that is not used for training the learner.
Recent studies in neural architecture search [69, 70, 71],
meta-learning [72] and automated machine learning [73]
validate the effectiveness of such a surrogate to approximate
the distance to a generalizablew � .

Teaching space. We restrict the teacher's action space to the
data augmentation space in Mixup. Speci�cally, the teach-
ing policy outputs the interpolation between two randomly
selected samples(x 1; y1) and(x 2; y2):

� �
�
(x 1 ; y1); (x 2 ; y2); w t � = � � x 1 + (1 � � � )x 2 (7)

where� � = h� ((x 1; y1); (x 2; y2); w t ). h� (�) is a neural
network parameterized by� and outputs the Mixup coef�-
cient� for mixing x 1 andx 2. The teaching example is~x =
� � x 1 +(1 � � � )x 2, and its label is~y = � � y1 +(1 � � � )y2.
Speci�cally, we can learn a teacher networkh(�) that either
outputs a continuous value within[0; 1] or outputs a discrete
value (e.g., f 0; 0:25; 0:5; 0:75; 1g). For the latter case, the
teacher is a classi�er for the discrete Mixup coef�cients.

Unrolling . We �rst formulate the learning of the teacher as
a bi-level optimization similar to the one in Section 3.3.1.
The outer optimization is to minimize the empirical risk
on the validation setDa and the inner optimization is to
minimize the empirical risk on the training setDr . We have

min
�

E( x a ;y a ) �D a

�
`
�
x a ; ya jw v (� )

�	

s.t.w v (� ) = arg min
w

E( x r ;y r ) �D r

�
`
�
� � (x r ; y r ; w ); ~y r jw

�	

which can be solved by unrolling a few gradient descent
steps of the inner minimization to the outer minimization,
similar to works [64, 71]. � � consists of a networkh� (�)
that outputs the Mixup coef�cient. Here the empirical risk
on the validation set serves as a proxy to the distance tow � .

Policy gradient. Alternatively, we can also resort to the
policy gradient approach [74]. We can use the accuracy
on the validation set as the reward signalR. Thus simply
maximizing this terminal reward:min � J (� ) := E� � f Rg
leads to the update rule for the teacher:�  � + � � r � J (� )
wherer � J (� ) =

P
t r � log � � (at jst )R and(at ; st ) is the

state-action pair at thet-th iteration. For the state features,
we use the current learner's predictions of representative
samples. For the action space, we use a discrete Mixup
coef�cient spacef 0; 0:5; 1g to reduce the search space. The
overall training is conceptually similar to prior work [69].

4.2 Performative Teaching

The concept of performativity has been studied primar-
ily in economics [75, 76] and recently in machine learn-

Figure 2: Performative teaching for black-box neural learners.

ing [23, 77]. When supporting consequential decision-
making, predictive models can produce actions that in�u-
ence the outcome they aim to predict at the beginning. These
predictions are calledperformative.

As shown in Figure 2, we decompose a neural network into
two components: a neural encoderg1(�), which is used
to extract features, and a linear classi�erg2(�), which is
used to obtain class labels. Suppose we teach the last-layer
classi�er of a neural network with omniscient DHT and
the teaching example will thus change the gradients for up-
dating the neural encoder. Then after the neural encoder
gets updated, the teaching targetw � will also be shifted
because the data representation changes. The entire process
is iteratively executed. Inspired by the striking connection
between performativity and iterative teaching in the repre-
sentation space, we introduce performative teaching where
the teaching targetw � will change dynamically according
to the teacher's action. In the context of teaching black-box
neural learners, performative teaching is formulated as

min
( x t ;y t )

d
�
w t ; w � (t)

�
; s.t.w � (t) � M (x t � 1 ; y t � 1) (8)

wherew � (t) is the target parameters at thet-the iteration
andM (x i ; y i ) denotes the distribution of the target learner
parameters that is dynamically dependent on the teaching ex-
ample(x i ; y i ). In training, Equation 8 is solved alternately
with the gradient update for the neural encoder.

If we want to use performative teaching to train neural learn-
ers in practice, we still need to consider a few unresolved
problems. First, we have to estimatew � in each iteration.
Because the teaching is performed for linear classi�ers, esti-
matingw � is relatively easy. We simply run a few more gra-
dient descent steps to update the last-layer linear classi�ers
with the neural encoder �xed, and the resulting classi�er
weights are viewed as an approximatew � . Second, we need
to develop a concrete algorithm to minimized(w t ; w � (t))
even ifw � (t) can be estimated. We resort to the simplest
greedy teaching algorithm. In order to preserve the semantic
meaning of the original featurex (given its ground truth
labely ) and to remove potential degenerate solutions, we
optimize the teaching example in an� -neighborhood ofx ,
e.g., k~x � x k � � . Combining all the pieces, we sum-
marize our performative teaching algorithm for training a
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Algorithm 1 Performative teaching for neural learners

1. Randomly initialize the neural network. We denote the neural
weights ofg1 asv , and the neural weights ofg2 asw �;
for i = 1 ; 2; � � � ; T1 do

2. Form a mini-batch ofm samples and perform inference to
extract features, denoted as(x i

1 ; y i
1); � � � ; (x i

m ; y i
m ).

3. w buffer  w .
4. Fix v and updatew by minimizing the empirical risk on
the training set (e.g., a few SGD steps).
5. w �  w and thenw  w buffer.
for j = 1 ; 2; � � � ; m do

6. Solve the greedy teaching problem for thej -th sample:

~x i
j = arg min

x
� 2

t
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end
7. Use SGD to update the neural network (w andv) by replac-
ing (x i

1 ; y i
1); � � � ; (x i

m ; y i
m ) with ( ~x i

1 ; y i
1); � � � ; ( ~x i

m ; y i
m ).

end

black-box neural learners in Algorithm 1. After we obtain
the teaching examples~x i

j with greedy DHT, we replace the
original x i

j with ~x i
j during training. This is essentially to

add a perturbation to the original feature and the backward
gradients to update the network will be affected. In practice,
the computational overhead is reasonably small as long as
we use a small number of steps to estimatew � in each it-
eration. Instead of using a� -neighborhood of the original
feature in the Euclidean space, we use a� -neighborhood
on the hypersphere with the radius being the norm of the
original feature in Equation 8. This is inspired by the obser-
vation in [78, 79, 80, 81, 82, 83] that angular distance in the
representation space tends to model semantic difference.

Performing DHT iteratively in the representation space can
provide additional information for the last-layer classi�ers,
leading to better convergence of the last-layer classi�ers.
This will in turn improve the backward gradients of the loss
w.r.t. the representation which is responsible for updating
the network encoder. From an optimization perspective,
performative teaching shares similar spirits to Lookahead
optimizer [84] in the sense that both methods use informa-
tion about future steps, which can be viewed as an approxi-
mate form ofw � . With the surrogate knowledge ofw � for
the last-layer classi�er, DHT implicitly encodes more infor-
mation about the loss landscape and may help the neural
encoder to avoid some poor local minima.

5 Experiments and Results

We evaluate DHT on several widely used image classi�ca-
tion datasets: for white-box and black-box teaching in the
logistic regression, we test our policies on synthetic half-
moon and MNIST; for black-box teaching in deep neural
networks, we test our methods on MNIST, CIFAR-10, and

Figure 3: Omniscient teaching with or without label synthesis [14].
Convergence comparison between our greedy teaching policy with
several other baseline methods. Left: half-moon. Right: MNIST.

CIFAR-100. Full experiment details and additional experi-
mental results can be found in Appendix.

5.1 Omniscient Teaching

In the omniscient teaching scenario, we seek to optimize
the convergence speed to a target classi�erw� , and because
the target classi�er exhibits good classi�cation performance,
we also measure the convergence of the testing accuracy.
We initialize all the models with the same architecture and
model weights. All experiments are repeated ten times with
different seeds. We compare random teacher (i.e., SGD),
samples selected by IMT, and samples generated by DHT.
We update the student model with a standard SGD optimizer,
a learning rate of 0.001, and compare the convergence be-
havior in the �rst 300 iterations.

Greedy teaching policy. For greedy teaching, we addi-
tionally optimize the labels with [14], i.e., after one sample
has been selected or generated, we further optimize the
corresponding label by �xing the sample. The results are
summarized in Figure 3. The baseline methods SGD+Label
and IMT+Label correspond to variants of the LAST frame-
work [14]. For samples generated by DHT, we constrain
the value of each dimension to be within the minimum and
maximum of the original dataset; for the optimized one-hot
labels, we constraint its values to be positiveyi > 0 and the
magnitude to satisfyk~yk2 � 2. Constraining the magnitude
to 2 gives the teacher more �exibility when generating la-
bels than the original one-hot label space. We observe that
with or without label synthesis, greedy DHT achieves the
fastest convergence and outperforms both SGD and IMT.

Parameterized teaching policy. The results of the data
transformation policy are given in Figure 4. We generally
observe that parameterized policy exhibits faster conver-
gence than greedy policy, and DHT again outperforms both
SGD and IMT by a signi�cant margin. It is worth mention-
ing that we do not impose any constraint on the output space
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Figure 4: Convergence of data transformation policy. Left: binary
classi�cation on half-moon. Right: 3/5 classi�cation on MNIST.

Figure 5: Convergence of GAN-based and VAE-based generative
modeling policy. Left: half-moon. Right: MNIST.

when synthesizing samples, resulting in out-of-distribution
samples that are not semantically interpretable for humans
(e.g., on MNIST it appears to be random noise images).

Next, we discuss the difference between GAN-based and
VAE-based teaching policies. The weight convergence is
given in Figure 5 and some generated samples are exempli-
�ed below in Figure 6 and Figure 7. The GAN-based teacher
is able to outperform the VAE-based teacher in both experi-
ments. In general, we observe that by synthesizing samples
directly in the image space, the teacher has more freedom
in conveying information, causing the student to learn faster.
However, this also means that the data synthesized by a
GAN-based teacher might appear to be visually very dif-
ferent from the original data set. A VAE-based teacher can
synthesize samples that appear much closer to the original
data distribution at the cost of teaching performance. We
observe in Figure 6 and Figure 7 that the synthesized sam-
ples are nearly differentiable from the original data set. One
interesting observation is that the GAN-based teacher im-
plicitly learns a meaningful teaching policy. First, samples
are synthesized that have certain stylistic characteristics of
the original MNIST dataset but do not contain any mean-
ingful semantic information. During this stage, the student
can ef�ciently converge tow� ; afterward, the GAN-based
teacher generates samples that look more similar to the orig-
inal dataset, and we can interpret it as a �ne-tuning process.
The evolution of the generated samples during the teaching
process can be seen in Figure 7.

5.2 Black-box Teaching

Parameterized teaching. We start with the black-box ver-
sion of parameterized teaching. We use the same teaching
objective as the parameterized teaching in the omniscient
setting and remove any information about the target classi-

Figure 6: Visualization of the data synthesized by a VAE-based
teacher after iterations 10, 150, and 290. The orange line indicates
the target classi�erw� ; the green dashed line indicates the student
classi�er. Different colors indicate different classes; points with
lower opacity represent the ground truth data distribution.

Figure 7: MNIST samples synthesized by the DHT teacher con-
ditioned on GT labels (3/5) during the training process. Upper
row: samples synthesized by the VAE-based teacher. Lower row:
samples synthesized by the GAN-based teacher.

Figure 8: Convergence of black-box parameterized teaching policy
with the full teaching space. Left: half-moon. Right: MNIST.

�er w� , i.e., by relying solely on the empirical classi�cation
loss on the validation set. Surprisingly, when teaching a
linear logistic regression learner, the knowledge about the
target classi�er is not indispensable to achieve fast conver-
gence in terms of test accuracy (see Figure 8).

Method Accuracy (%)
ERM 61:75

cMixup 66:27
dMixup 65:80

Unrolling 65:18
Policy gradient 67:64

Table 1: Results on CIFAR-10.

Mixup-based teaching. We
empirically evaluate our
mixup-based teaching with
unrolling and policy gradi-
ent in Table 1. The learner
is a simple CNN model
optimized by a standard
Adam optimizer on CIFAR-
10 without data augmentation for 50 epochs. We compare
our Mixup-based teaching policy with standard empirical
risk minimization (ERM), ERM with continuous mixup
data augmentation (i.e., interpolation coef�cient sampled
from a beta distribution, denoted as cMixup), and ERM with
discrete mixup data augmentation (i.e., mixing coef�cient
discretized tof 0; 0:5; 1g, denoted as dMixup). With policy
gradient, we observe that our DHT teacher is able to �nd a
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Dataset Learner SGD Random Policy DHT

MNIST MLP 92:45 � 0:07 92:47 � 0:06 95 :02 � 0:04

CIFAR-10

CNN-3 87:30 � 0:28 87:17 � 0:17 88 :77 � 0:35
CNN-6 90:34 � 0:10 90:20 � 0:09 91 :61 � 0:23
CNN-9 91:10 � 0:26 91:12 � 0:12 92 :30 � 0:13
CNN-15 91:85 � 0:28 91:67 � 0:13 92 :44 � 0:15

CIFAR-100

CNN-3 62:10 � 0:29 62:04 � 0:11 62 :69 � 0:37
CNN-6 65:02 � 0:24 64:96 � 0:17 66 :81 � 0:17
CNN-9 67:05 � 0:29 67:19 � 0:23 69 :23 � 0:34
CNN-15 68:39 � 0:39 68:49 � 0:17 68 :96 � 0:36

Table 2: Testing accuracy (%) of performative teaching. Multiple
types of neural learners (e.g., MLP and CNN) are considered.

policy that greatly facilitates the convergence of the student
model and outperforms the other baselines. Note that we
characterize the model states with model features that are
obtained through querying the student model, similar to [14].
We also notice that unrolling does not perform as well as the
baselines, and we suspect that this is because the space of
Mixup coef�cients is highly non-smooth. There exist many
poor local minima that prevent the unrolling approach from
�nding a good solution to the bi-level optimization.

Performative teaching for neural learners. We compre-
hensively evaluate the performance of the performative
teaching by conducting image classi�cation experiments
with similar architectures and settings as [81]. For CIFAR-
10 and CIFAR-100, we start the training with the learning
rate of0:1 and divide it by10at iteration 20k, 30k and 37.5k.
The training stops at iteration 42.5k. For MNIST, we start
the training with a learning rate of0:001and train for 39k
iterations. We use a standard SGD optimizer with weight
decay. The batch size is set to 128 and only basic data aug-
mentation is performed. Multiple network architectures are
used to serve as the learner and the speci�c architectures are
given in Appendix. Results are given in Table 2.

We compare our performative teaching with two other base-
lines. The �rst one is vanilla SGD optimization, where no
teaching takes place during the training. This is to demon-
strate the clean performance gain obtained by performative
teaching. From Table 2, we can clearly see that DHT con-
sistently outperforms vanilla SGD by a considerable margin.
To further verify whether DHT indeed teaches useful infor-
mation or not, we construct a random policy in the exact
same action space of the performative teacher,i.e., we omit
the teaching process, but instead uniformly sample a new
point on the same� -neighborhood on the hypersphere of the
representation space. The only difference between random
policy and performative teaching is how we generate~x , and
we note that the space to generate~x is the same for both.
This comparison shows that the performance gain does not
result from implicit data augmentation in the representation
space, as can be seen from Table 2 that a random policy
does not have a noticeable effect on the �nal performance.
All the results in Table 2 are averaged over 5 runs and the
standard deviations of accuracy are also given to make sure
that the performance gain is not due to randomness. The
performance gain of performative teaching is evident across

Figure 9: Convergence of privacy-preserving teaching on MNIST.

all datasets and all different neural learners. We emphasize
that we do not havew � for the neural networks, so perfor-
mative teaching can be used to teach any neural network
on any dataset. We only consider a simple greedy DHT in
performative teaching, and the teaching performance could
be further improved with an advanced teaching algorithm.

5.3 Privacy-preserving Teaching via constrained DHT

Figure 10: Private perceptual
distance of the synthesized sam-
ples during teaching.� is a pre-
scribed distance threshold.

In practical applications,
generating samples that are
semantically distinct from
the original data distribution
could be bene�cial. For ex-
ample, in the medical do-
main, we wish not to re-
veal sensitive information
that might contain in the
original dataset. As a proof
of concept, we regard pri-
vacy preservation as some
distance constraints on the feature space,i.e., the generated
samples are at least� -away (in a semantic latent space) from
a pre-de�ned privacy set. The teaching objective is

min
�

kw v (� ) � w � k2
2 +

vX

t =1

`(� � ; y )jw t )

+ max f 0; � � k � (� � ) � � (x )k2
2g

s.t. k� (� � ) � � (x )k2
2 � �

(10)

where� (�) is a pre-trained neural network for computing
perceptual distance. Here, we demonstrate that it is possi-
ble to achieve similar teaching performance by only syn-
thesizing samples that satisfy the privacy constraints (see
Figure 9). We also show the private perceptual distance
during the teaching in Figure 10 in which the private per-
ceptual distance is de�ned as the minimal distance between
the samples in the privacy set and the synthesized sample.

6 Concluding Remarks

In this paper, we introduce a novel data hallucination teach-
ing framework and demonstrate, both theoretically and
empirically, that DHT achieves promising teaching perfor-
mance in both omniscient and black-box settings. We also
highlight that a novel performative teaching formulation is
proposed for teaching black-box neural learners. Experi-
ments show that DHT is able to achieve signi�cant perfor-
mance gains when teaching black-box neural learners.
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[32] T. Peltola, M. M.Çelikok, P. Daee, and S. Kaski,
“Machine teaching of active sequential learners,” in
NeurIPS, 2019. 2

[33] L. Yuan, D. Zhou, J. Shen, J. Gao, J. L. Chen, Q. Gu,
Y. N. Wu, and S.-C. Zhu, “Iterative teacher-aware
learning,” inNeurIPS, 2021. 2

[34] A. Hunziker, Y. Chen, O. Mac Aodha, M. G. Ro-
driguez, A. Krause, P. Perona, Y. Yue, and A. Singla,
“Teaching multiple concepts to a forgetful learner,” in
NeurIPS, 2019. 2

[35] W. Liu, B. Dai, X. Li, Z. Liu, J. Rehg, and L. Song,
“Towards black-box iterative machine teaching,” in
ICML, 2018. 2, 4

[36] L. Lessard, X. Zhang, and X. Zhu, “An optimal control
approach to sequential machine teaching,” inAISTATS,
2019. 2

[37] Z. Xu, B. Chen, C. Li, W. Liu, L. Song, Y. Lin,
and A. Shrivastava, “Locality sensitive teaching,” in
NeurIPS, 2021. 2

[38] S. Tschiatschek, A. Ghosh, L. Haug, R. Devidze, and
A. Singla, “Learner-aware teaching: Inverse reinforce-
ment learning with preferences and constraints,” in
NeurIPS, 2019. 2

[39] P. Kamalaruban, R. Devidze, V. Cevher, and A. Singla,
“Interactive teaching algorithms for inverse reinforce-
ment learning,” arXiv preprint arXiv:1905.11867,
2019. 2

[40] L. Haug, S. Tschiatschek, and A. Singla, “Teaching
inverse reinforcement learners via features and demon-
strations,” inNeurIPS, 2018. 2

[41] E. Johns, O. Mac Aodha, and G. J. Brostow, “Becom-
ing the expert-interactive multi-class machine teach-
ing,” in CVPR, 2015. 2

[42] Y. Chen, O. Mac Aodha, S. Su, P. Perona, and Y. Yue,
“Near-optimal machine teaching via explanatory teach-
ing sets,” inAISTATS, 2018. 2

[43] O. Mac Aodha, S. Su, Y. Chen, P. Perona, and Y. Yue,
“Teaching categories to human learners with visual
explanations,” inCVPR, 2018. 2

[44] S. Mei and X. Zhu, “Using machine teaching to iden-
tify optimal training-set attacks on machine learners.,”
in AAAI, 2015. 2

[45] X. Zhang, X. Zhu, and S. Wright, “Training set debug-
ging using trusted items,” inAAAI, 2018. 2

[46] X. Zhang, Y. Ma, A. Singla, and X. Zhu, “Adaptive
reward-poisoning attacks against reinforcement learn-
ing,” in ICML, 2020. 2

[47] X. Zhang, X. Zhu, and L. Lessard, “Online data poi-
soning attacks,” inL4DC, 2020. 2

[48] P. Wang, J. Wang, P. Paranamana, and P. Shafto, “A
mathematical theory of cooperative communication,”
in NeurIPS, 2020. 2

[49] P. Shafto, J. Wang, and P. Wang, “Cooperative com-
munication as belief transport,”Trends in Cognitive
Sciences, 2021. 2

[50] J. Wang, P. Wang, and P. Shafto, “Sequential coopera-
tive bayesian inference,” inICML, 2020. 2

[51] J. Wei and K. Zou, “Eda: Easy data augmentation tech-
niques for boosting performance on text classi�cation
tasks,” inEMNLP, 2019. 2

[52] D. S. Park, W. Chan, Y. Zhang, C.-C. Chiu, B. Zoph,
E. D. Cubuk, and Q. V. Le, “Specaugment: A sim-
ple data augmentation method for automatic speech
recognition,” inInterspeech, 2019. 2

[53] C. Zhang, S. Bengio, M. Hardt, B. Recht, and
O. Vinyals, “Understanding deep learning (still) re-
quires rethinking generalization,”Communications of
the ACM, vol. 64, no. 3, pp. 107–115, 2021. 2

[54] K. Simonyan and A. Zisserman, “Very deep convo-
lutional networks for large-scale image recognition,”
arXiv preprint arXiv:1409.1556, 2014. 2

[55] K. He, X. Zhang, S. Ren, and J. Sun, “Deep resid-
ual learning for image recognition,”arXiv preprint
arXiv:1512.03385, 2015. 2

[56] K. He, H. Fan, Y. Wu, S. Xie, and R. Girshick, “Mo-
mentum contrast for unsupervised visual representa-
tion learning,” inCVPR, 2020. 2



Zeju Qiu * , Weiyang Liu* , Tim Z. Xiao, Zhen Liu, Umang Bhatt, Yucen Luo, Adrian Weller, Bernhard Schölkopf

[57] I. W. Tsang, J. T. Kwok, P.-M. Cheung, and N. Cris-
tianini, “Core vector machines: Fast svm training on
very large data sets.,”Journal of Machine Learning
Research, vol. 6, no. 4, 2005. 2

[58] T. Campbell and T. Broderick, “Bayesian coreset
construction via greedy iterative geodesic ascent,” in
ICML, 2018. 2

[59] O. Sener and S. Savarese, “Active learning for con-
volutional neural networks: A core-set approach,” in
ICLR, 2018. 2

[60] B. Mirzasoleiman, J. Bilmes, and J. Leskovec, “Core-
sets for data-ef�cient training of machine learning
models,” inICML, 2020. 2

[61] A. Angelova, Y. Abu-Mostafam, and P. Perona, “Prun-
ing training sets for learning of object categories,” in
CVPR, 2005. 2

[62] A. Lapedriza, H. Pirsiavash, Z. Bylinskii, and A. Tor-
ralba, “Are all training examples equally valuable?,”
arXiv preprint arXiv:1311.6510, 2013. 2

[63] W. Liu, R. Lin, Z. Liu, J. M. Rehg, L. Paull,
L. Xiong, L. Song, and A. Weller, “Orthogonal over-
parameterized training,” inCVPR, 2021. 3

[64] C. Finn, P. Abbeel, and S. Levine, “Model-agnostic
meta-learning for fast adaptation of deep networks,” in
ICML, 2017. 3, 5

[65] P. J. Werbos, “Generalization of backpropagation with
application to a recurrent gas market model,”Neural
networks, 1988. 3

[66] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio,
“Generative adversarial networks,”Communications of
the ACM, vol. 63, no. 11, pp. 139–144, 2020. 4

[67] D. P. Kingma and M. Welling, “Auto-encoding varia-
tional bayes,”arXiv preprint arXiv:1312.6114, 2013.
4

[68] G. Hinton, O. Vinyals, and J. Dean, “Distilling
the knowledge in a neural network,”arXiv preprint
arXiv:1503.02531, 2015. 4

[69] B. Zoph and Q. V. Le, “Neural architecture
search with reinforcement learning,”arXiv preprint
arXiv:1611.01578, 2016. 5

[70] C. Liu, B. Zoph, M. Neumann, J. Shlens, W. Hua, L.-J.
Li, L. Fei-Fei, A. Yuille, J. Huang, and K. Murphy,
“Progressive neural architecture search,” inECCV,
2018. 5

[71] H. Liu, K. Simonyan, and Y. Yang, “Darts:
Differentiable architecture search,”arXiv preprint
arXiv:1806.09055, 2018. 5, 16

[72] M. Andrychowicz, M. Denil, S. G. Colmenarejo, M. W.
Hoffman, D. Pfau, T. Schaul, B. Shillingford, and
N. de Freitas, “Learning to learn by gradient descent
by gradient descent,” inNeurIPS, 2016. 5

[73] E. D. Cubuk, B. Zoph, D. Mane, V. Vasudevan, and
Q. V. Le, “Autoaugment: Learning augmentation
strategies from data,” inCVPR, 2019. 5

[74] R. J. Williams, “Simple statistical gradient-following
algorithms for connectionist reinforcement learning,”
Machine learning, 1992. 5

[75] K. Healy, “The performativity of networks,”European
Journal of Sociology/Archives Européennes de Soci-
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A Proof of Theorem 1

From the(t + 1) -th gradient update with the greedy DHT teacher, we have that



 w t +1 � w �




 2

=



 w t � � t r w t `( ~x i t ; yi t jw

t ) � w �



 2

=



 w t � � t g( ~x i t ) � Tx ! ~x � r w t `(x i t ; yi t jw

t ) � w �



 2

=








 w t � � t g( ~x i t ) � �

| {z }
def
= gs ( ~x i t )

�r w t `(x i t ; yi t jw
t ) � w �










2 (11)

where~x is the data generated by DHT andi t denotes a randomly sampled index from the pool in thet-th iteration. Because
Tx ! ~x is a scaling mapping, we have thatgs( ~x ) is generally de�ned as

gs( ~x ) = � � g( ~x ) = � �
kr w `(x ; yjw )k
kr w `( ~x ; yjw )k

�
k~x k
kx k

; (12)

which, for different linear learners, can be instantiated as

LSR learner:gs( ~x ) =
� hw ; x i � � � y

� hw ; x i � y

LR learner: gs( ~x ) =
� + � � exp(� � yhw ; x i )

1 + exp(yhw ; x i )

(13)

which can be controlled by adjusting the value of� . � can be dependent onw , so it can be different in different iterations.
Intuitively, since we can adjust� to equivalently adjust the learning rate, we can therefore provably have a better convergence
rate. Concretely, we have that
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 2

� 2� t gs( ~x i t )hr w t `(x i t ; yi t jw
t ); w t � w � i

+ � 2
t (gs( ~x i t ))

2



 r w t `(x i t ; yi t jw

t )



 2

(14)

which can be simpli�ed as (by denotingr w t `(x i t ; yi t jw
t ) asr ` i t (w

t )):
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� 2� t gs( ~x i t )hr ` i t (w
t ); w t � w � i + � 2

t (gs( ~x i t ))
2




 r ` i t (w

t )



 2

: (15)

Because we know that the synthesized datax i t generated by the greedy DHT policy is the solution to the following
minimization:

~x i t = arg min
x 0

i t

�
� 2

t (gs(x 0
i t

))2



 r w t `(x i t ; yi t jw

t )



 2

� 2� t gs(x 0
i t

)hr w t `(x i t ; yi t jw
t ); w t � w � i

�
; (16)

then we plug a new~x 00
i t

which satis�esgs( ~x 00
i t

) = c1 kw t � w � k to Eq. (15) and have the following inequality:
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(17)

which holds because~x i t leads to the minimal



 w t +1 � w �




 2

and~x 00
i t

has to result in a larger or equal



 w t +1 � w �




 2

.

Next, we apply the convexity off (�) and the order-1 strong convexity [85] of ` i t (�), and therefore have that (let� i t = 0
when` i t is not order-1 strongly convex):

�hr ` i t (w
t ); w t � w � i � ` i t (w

� ) � ` i t (w
t ) �

� i t

2
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 (18)

which results in
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